Genome-wide association studies (GWAS) have become increasingly affordable but they are still costly. Therefore, cost saving 2-stage designs were proposed in the literature. The restriction to 2 stages, however, seems artificial and does not exploit the full potential of the underlying methods. We extend the 2-stage approach to the general framework of any number of stages. Based on the theory of group sequential methods, we derive optimal multistage designs. With current genotyping cost structures, our results suggest that up to 4 stages are sufficient in order to get feasible and efficient designs. Furthermore, we consider the problem of choosing the optimal number of stages depending on the costs of the statistical interim analysis at each stage and provide guidelines for planning the number of stages in practice. In particular, we found that in the majority of cases both 3-stage designs and 4-stage designs are more efficient than 2-stage designs. Although prices for marker panels are showing a continuing downward trend, we still recommend implementing and using optimal multistage designs in practice. In addition to the immediate benefit, it will be necessary to acquire know-how regarding the application of multistage designs in order to be able to adapt the general framework of multistage designs to upcoming technologies in the area of GWAS.
INTRODUCTION
By now genome-wide association studies (GWAS) with a case-control design are widely used in order to detect genes involved in complex diseases. Using large marker sets, allele or genotype frequency differences between cases and controls are studied for every single marker. The significance of association between a marker and the disease is determined by calculating an appropriate test statistic such as Armitage's test for trend (Sasieni, 1997) .
A straightforward genome-wide-testing approach requires genotyping large numbers of markers for every individual (1-stage design). Despite the prices for Single Nucleotide Polymorphism (SNP) arrays going down, cost is still a concern in GWAS. In addition, since no more than a few markers are expected Optimal multistage designs 299 approaches with respect to other statistical frameworks have also been proposed (Thomas and others, 2004; Bukszár and van den Oord, 2006; Zuo and others, 2006; Zheng and others, 2007) .
METHODS

Statistical model
Statistical models for GWAS have been widely discussed in the setting of 2-stage designs. Since they can be applied to multistage designs in much the same way, we briefly introduce the used test statistic, and for more details, we refer the reader to the references. Consider n individuals in a case-control design, for simplicity assuming n/2 cases and n/2 controls. Furthermore, consider evaluating m markers from which d are truly associated with the disease. We want to detect a disease marker by examining the difference of allele frequencies between cases and controls. For each marker, let Y (i) and X (i) denote the observed quantities of cases and controls that carry i = 0, 1, 2 copies of the allele under question. For example, Y (2) denotes the number of cases that carry 2 risk alleles (for a marker) and Y (0) + Y (1) + Y (2) = n/2 corresponds to the total number of cases. Following Müller and others (2007) , we define the linear trend statistic
where w i are scores for the 3 genotypes with 0, 1, or 2 copies of the risk allele and ns 2 is an estimator of the variance of the numerator under the null hypothesis. Following the results of Zheng and Gastwirth (2006) , in this article we use s 2 = 2 i=0 w 2 i X (i)
n 2 2 , which considers only the controls for the estimation of the variance. For more details regarding the possible choices of s 2 , we refer to Zheng and Gastwirth (2006) . If n is sufficiently large, Z is approximately normally distributed with a location parameter µ √ n and a dispersion parameter σ 2 . Under the null hypothesis (H 0 ) of no association of the marker, µ = 0 and σ = 1. Under the alternative hypothesis, µ = µ A and σ 2 = σ 2 A depend on the weights w i and on the allele frequency and the penetrances of the 3 genotypes. For example, for a multiplicative odds model under a rare disease assumption, a reasonable choice of the weights is w 0 = 0, w 1 = 1, and w 2 = 2. Furthermore, if we let p denote the population frequency of the risk allele and let and 2 be the odds ratios for heterozygous and homozygous carriers of the risk allele, respectively, we get
In order to obtain µ and σ for other genetic models, we refer to the appendix of Müller and others (2007) .
One-stage design
For every marker locus, we aim at testing the null hypothesis that the marker is not associated with the disease (H 0 : µ = 0, σ 2 = 1) against the alternative hypothesis that the marker is associated with the disease (H A : µ = µ A , σ 2 = σ 2 A ). To simplify matters, we suppose independent markers and 1-sided testing. In addition, the overall significance level α will be evenly distributed among all m markers. Onestage designs are characterized by genotyping all m markers on all n individuals. Let Z full denote the test 300 R. PAHL AND OTHERS statistic of a "single" marker in the "full" sample of all n individuals being calculated according to (2.1). Hence, the marker-wise type-I error rate and the power of the 1-stage design are given by α = P H 0 (Z full > z 1−α ) and 1 − β = P H A (Z full > z 1−α ), respectively. Here, z x denotes percentiles of the standard normal distribution, that is, (z x ) = x.
Multistage design
Consider a multistage design of 2 or more, say K , stages. A multistage or K -stage (subsequently, the terms "multistage" and "K -stage" are used interchangeably) design consists of a total number of n individuals and a starting marker set of m markers. To be exact, these m markers assumingly include d disease markers, which are truly associated with the disease, and m − d null markers, which are not associated with the disease. Furthermore, for every K -stage design, one can derive the overall type-I error rate α and the power 1 − β. Following group sequential design terminology, a K -stage design for a GWAS consists of K − 1 interim analyses at stages 1, 2, . . . , K − 1 and is completed by a final analysis at stage K . Generally, the starting marker set is shrinking after every stage. In particular, the most promising markers are carried forward to subsequent stages while statistically futile markers are dropped. At each stage, the decision whether to keep or drop a marker is made by calculating a p-value for that marker. Each marker with a p-value smaller than α i (i = 1, . . . , K ) will survive the ith stage. Markers that do not pass the threshold of α i are dropped and thus not treated in future stages. For every marker that happens to survive all K − 1 stages and also passes the threshold α K at the last stage, significant association with the disease will be declared.
The p-value for a marker at some stage k is based on the set of individuals that was accumulated up to this stage. For k = 1, . . . , K , let n k denote the cumulative number of individuals at stage k, where n = n K . Analogous to (2.1), we define
to be the test statistic per stage k. Here, Y k (i) and X k (i) denote the cumulative numbers of cases and controls, respectively, observed up to stage k with i = 0, 1, 2 copies of the risk allele. Let π 1 < π 2 < · · · < π K = 1 denote the cumulative sample proportions of the individuals at the corresponding stages (i.e. π k = n k /n). The joint distribution of Z 1 , Z 2 , . . . , Z K is approximated by a multivariate normal distribution with mean vector
. . , α k , the cumulative type-I error rate at stage k under H 0 is given by
In other words, (2.4) expresses the probability for a single null marker to survive stages 1 through k − 1. The cumulative power at stage k is calculated accordingly as
where µ A and σ A are obtained from (2.2). For the numerical integration of the multivariate normal distributions, we used the package "mvtnorm" from the statistical programming language R (R D. C. Team, 2008) .
Optimal multistage designs
301
Cost function
The overall costs c for a GWAS basically consist of cost for phenotyping individuals and genotyping markers. For the sake of simplicity, we assume that phenotyping has been done already and focus on genotyping costs. Let g 1 , . . . , g K denote the costs of genotyping a single marker at stages 1, . . . , K . In case of a 1-stage design, each marker is genotyped on each individual with per marker costs of g 1 . Thus, the overall costs of a 1-stage design using n individuals result in
denote the expected number of markers at stages 2, . . . , K to be genotyped "per individual," the expected overall study costs C K of a K -stage design is given by 
. Taken together, the overall expected study costs of K -stage designs can be described by a general cost function C K (·) as
where
T denote the vectors of the sample proportions and the "nominal" significance levels, respectively.
Optimization
Depending on the choice of the sample proportions π K and significance thresholds α K , any multistage design can be constructed. However, π K and α K usually have to be set under the constraint in that the desired type-I error is maintained so that the resulting probability under the null hypothesis (Equation 2.4) equals some prespecified marker-wise significance threshold α. Generally, all optimization problems of multistage designs are carried out under this constraint. In this article, we cover 2 important optimization problems of multistage designs. First, we minimize the overall expected study costs under a predefined overall power. Second, we treat the optimization problem of maximizing the overall power under a fixed overall budget. In order to obtain a "cost-optimal" multistage design under a predefined overall power, we must search for the set of parameters (n, π K , α K ) that minimize the overall costs, that is, C K (n, π K , α K ) → min. In addition, the given constraints require the parameters to be chosen such that both the desired type-I error and the study power is maintained. In particular, α * K = α and 1 − β * K = 1 − β for 2 prespecified values of α and β, where α * K and 1 − β * K are defined in (2.4) and (2.5). As a result, a costoptimal multistage design consisting of K stages leads to an optimization problem in 2K unknowns (i.e. n, π 1 , . . . , π K −1 , α 1 , . . . , α K ). More precisely, two of the 2K unknowns are defined by the 2 above constraints so that ultimately the optimization has to be carried out in 2K − 2 unknowns. Note that the sample size n can be either a free parameter as part of the minimization problem or a fixed parameter as often is the case in practice, in which case the optimization problem is reduced to 2K − 3 unknowns. In the following, we denote the parameters that belong to an optimal multistage design by π opt K , α opt K , and n opt . If the sample size is fixed, we use n fix .
The demand for a "power-optimal" multistage design arises when the researcher has a fixed overall budget, b fix , which can be spend for the GWAS, and he searches for the study design with maximal power under the given budget constraint. To simplify matters, we assume a fixed total sample size n fix in this optimization problem. First of all, we are not interested in scenarios where the available budget is greater than C 1 (i.e. b fix > n fix · g 1 · m). In this case, all markers can be genotyped for every individual, which as a matter of course leads to the maximal achievable study power. Hence, we are interested in cases 302 R. PAHL AND OTHERS where the costs of a 1-stage design exceed the available budget (C 1 > b fix ). In such cases, a 1-stage design is no longer appropriate because in order to maintain the budget one had reduce the number of genotyped individuals to n = b fix /(g 1 · m). Thus, if C 1 > b fix , multistage designs are clearly more powerful because they can always incorporate all available individuals into the analysis, controlling the overall costs by discarding markers for an appropriate proportion of the individuals. The corresponding power-optimal K -stage design is computed similar to the cost-optimal design above except that, instead of treating C K (n fix , π K , α K ) → min, we perform optimization with respect to maximizing the overall power. That is, we search for π K and α K such that (1 − β * K ) → max while maintaining α * K = α and C K (n fix , π K , α K ) = b fix for 2 prespecified values α and b fix .
As outlined before, calculating the joint probabilities for (2.4) and (2.5) requires numerical integration so that the entire optimization is done numerically too. In order to get a first approximate estimate about the global location of the optimal sample proportions (π opt 1 , . . . , π opt K −1 , π K = 1), we first determine the optimal sample proportions of the
. This leads to recursive evaluations down to K = 2. Using (π opt K −1 , 1) as starting values for π opt K , we perform a naive search for the optimum on a grid near these starting values. Moreover, for every occurrence π K treated in this first search, we find the corresponding optimal α K using the Nelder-Mead (1965) simplex algorithm, implemented in the R function optim. Once the area of the global minimum is narrowed down, we finish optimization using the Nelder-Mead simplex algorithm for the entire set of parameters π K and α K . Furthermore, in every single optimization step, we apply 1D numerical root finding (R function uniroot) in order to obtain the 2 parameters out of the 2K unknowns that are defined by the constraints (i.e. type-I error and overall power or overall budget, respectively). For more details on the optimization routines, we refer the reader to the well-documented source code, which was completely written in the programming language R and is freely available upon request.
RESULTS
Conducting a multistage design in practice requires different genotyping platforms at the different stages. In order to reflect the current genotyping cost structure, for stage 1, we take the example of Illumina Genotyping, 2006) . Other genotyping platforms are likely to yield similar results. In addition, the assumptions about applying certain SNP chips to certain stages are not meant to be absolute but may vary due to the conditions of a GWAS. For example, the expected number of markers at the different stages could determine both the technology and the platform to be used. Based on the setting above and current prices for SNP chips, we set the genotyping costs "per SNP" at the different stages to be g 1 = $0.0005, g 2 = $0.01, g 3 = $0.02, and g (k 4) = $0.05 so that genotyping costs at stage 4 as compared to stage 1 are assumed to increase by a factor of 100.
We set the genome-wide type-I error rate to 0.05/2 (one-sided) and study power to 80%. Furthermore, we treat m = 610 000 markers and set the number of disease markers to d = 1. Note that our results basically do not depend on the actual number of the disease markers because they are always comparatively small in numbers as compared with the number of null markers. To account for multiple testing, one could apply marker-wise Bonferroni correction yielding a marker-wise α = 0.05/2m. Since there may be more than a few causal variants in reality, Bonferroni correction could be conservative so that we decided to evaluate the performance of the multistage designs under a more relaxed type-I error rate of α = 10 × 0.05/2m ≈ 4.1 × 10 −7 .
Cost-optimal multistage designs
Calculating multistage designs requires assumptions about the underlying genetic effects and models. To simplify matters, we derive all subsequently presented results using the multiplicative odds model as outlined in Section 2.1. Note that altering the genetic model would lead to different formulas for µ A and σ 2 A and thus can be seen as simply adjusting µ A and σ 2 A . The conclusions about the presented multistage designs therefore do not depend on specific genetic models. The impact of varying genetic parameters (risk allele frequency, genetic effect size) can be seen as varying µ A and σ 2 A as well and was already analyzed for the case of 2-stage designs by Wang and others (2006) and Müller and others (2007) . Since 2-stage designs are special cases of multistage designs, the basic findings from these works carry forward to multistage designs. As a result, if the sample size n is a free parameter in the optimization problem, we found that cost-optimal multistage designs (i.e. fixed power, costs→min) do not depend on varying genetic parameters (results not shown). That is, the design-specific parameters such as sample proportions π k at the different stages as well as significance thresholds α k do not change upon varying allele frequencies or genetic effect sizes, respectively. In contrast, if the sample size n is fixed in advance, as often is the case Table 1 . in practice, multistage designs will depend on the genetic parameters as can be seen in Table 1 . Basically, with increasing and p, also the effect parameter µ A increases, resulting in an increased study power. Thus, the sample proportions of the leading stages (π 1 , π 2 , . . . ) can be reduced because the increased power increases the probability of detecting the true disease markers and keeping them in subsequent stages.
Dependence of the sample proportions of optimal multistage designs with fixed sample size upon varying genetic parameters p (risk allele frequency) and (odds ratio for heterozygous carriers of the risk allele). The parameter setup is m
For the most part, the presented results were derived using the genotyping cost structure from above. Since the costs of genotyping are known to have an impact on the parameters of 2-stage designs, we exemplary provide results of multistage designs with both lower and higher genotyping costs than above (Table 2) . Again, the basic results from 2-stage designs carry forward to multistage designs. That is, expensive genotyping in latter stages generally results in less markers being carried over to these stages as can be observed in the columns displaying the number of expected markers (Table 2) . It is interesting to note that the genotyping cost structure might also vary depending on the number of stages. For example, consider the number of expected markers at stage 2 (column E(m 2 ), Table 2 ). Since the number of expected markers increases with K , the genotyping costs might be reduced if cheaper SNP panels can be applied for larger marker set. In this case, increasing K would lead to additional cost savings. We will not consider this subject further, however, as it required detailed assumptions about the applied SNP technology.
In practice, the sample size, that is, the number of available individuals, will be often fixed in advance or at least restricted. Hence, we calculated cost-optimal multistage designs for a range of fixed sample sizes. The resulting minimum achievable costs are depicted in Figure 1 for optimal multistage designs of up to 5 stages. Obviously, there is a trade-off between increasing n and minimizing the costs. While increasing n reduces the costs at first, at some point, the costs raise again. These turning points are located at the minimum of each curve (Figure 1 ) and correspond to the cost-optimal sample size for the respective number of stages. For example, if the number of available individuals is 6000 and the researcher wants to conduct a 3-stage design (based on parameter setting as given in Figure 1 ), it would be inefficient to use the entire sample of 6000 individuals because the cost-optimal sample size of the 3-stage design is n opt = 5346. Intuitively, these turning points can be explained by the fact that multistage designs save costs by Table 2 . Dependence of the sample proportions of optimal multistage design with fixed sample size upon varying per SNP genotyping costs g k . The parameter setup is n fix = 6000, m = 610 000, α = 10 × 0.05/2m (1-sided), risk allele frequency p = 0.1, and heterozygous odds ratio of = 1.5 (µ A = 0.101 and σ 2 A = 1.394). For each multistage design, the power is 80%
Number of stages Sample proportion Number of expected markers discarding markers, which would reduce the power of the study. Thus, to compensate for the loss of power, the sample size is increased, which at the same time increases the number of genotyped markers just because of the growing sample size. As a result, the optimal sample size of a multistage design with a certain number of stages represents an optimal balance between discarding markers and increasing sample size.
Looking at the shape of the curves, it can be seen that they flatten noticeably with increasing number of stages. Hence, the more stages are used, the wider is the region of an "almost-optimal" sample size. Furthermore, the overall costs of genotyping can be seen to decrease with every added stage. At the same time, the additional costs savings become increasingly marginal with increasing number of stages. In fact, the curve for 6-stage designs was almost congruent with the 5-stage curve and thus is omitted in Figure 1. 
Optimal number of stages
The results presented in Figure 1 solely refer to costs of genotyping. In practice, however, at every stage, the statistical analysis and evaluation of the interim results will cause additional costs, which we have disregarded so far. In order to account for these additional costs, we define the total study costs as
where a denotes the additional costs of one analysis, which for simplicity is assumed to be equal at every stage. In order to determine the optimal number of stages, K opt , we construct the cost-optimal K -stage designs for K = 1, 2, . . . and then determine min{C
To give an example, we determine K opt for the previous parameter setting from Figure 1 . We assume an existing sample of n fix = 4500 available individuals, which is shortly below the optimal sample size of the 2-stage design (n opt = 4730, see Figure 1 ). Figure 2 depicts the total study costs C total (K , n fix = 4500, π opt K , α opt K ) as a function of a. In this scenario, if an interim analysis costs about $1k, the 5-stage design will be already as equally expensive as the 6-stage design. Furthermore, from interim analysis costs of about $2k to $8k, the 4-stage design will be the cheapest design, while from $8k on the 3-stage design is the cheapest choice until, at some point (about $48k, not shown in Figure 2) , the 2-stage design would obtain the total cost minimum. Another point worth mentioning is that additional stages can prolong a GWAS due to the additional genotyping and statistical analyses. Thus, even though it may be difficult in practice to reliably specify costs of interim analyses in advance, our results suggest that multistage designs of up to 4 stages will be sufficient for practical purposes, given the current genotyping price structure. The decision for a particular number of stages will depend on the assumptions about costs and time needed for the interim analyses. The more expensive and time consuming the interim analyses, the less stages should be considered.
Power-optimal multistage designs
Our second optimization problem arises in practice when the researcher is restricted to a certain budget, which does not allow for genotyping the entire marker set on all available individuals (n fix · g 1 · m > b fix ). In this case, the researcher is interested in extracting the most possible information under the budget constraint. Leaving costs of interim analyses aside, this means to maximize the overall study power while keeping the overall genotyping costs constant. Figure 3 displays maximal achievable power for optimal multistage designs of up to 5 stages. Again, we omit displaying the curve for the 6-stage design as it would overlap the 5-stage curve. While we still observe substantial power gains when comparing optimal 2-stage designs with optimal 3-stage designs, the results suggest once more that for practical purposes using up to 4 stages will be enough, even more so as Figure 3 does not yet include costs of interim analyses. Moreover, the power of the optimal multistage designs can be seen to quickly converge to the absolutely maximal achievable power (89.1%, dashed line in Figure 3 ). For example, using only half of the available budget, $0.5 Mio, yields already about 79% power for multistage designs of 3 or more stages, which is only 10% below the maximum.
Algorithms and software
For the construction of optimal multistage designs, the most difficult part arises from the numerical optimization. The accuracy of the results mainly depends on 2 factors. First, it is directly connected with the numerical accuracy of the underlying algorithm that performs the numerical integration of the multivariate normal distributions. Second, the accuracy of the results depends on the performance of the optimization procedure in that it can find the global optimum. In any case, with growing number of stages, the optimization problem gets increasingly complex due to the growing set of parameters to optimize. Furthermore, due to the large number of markers, the critical values, α k , tend to be very small, which poses additional numerical challenge.
We developed an algorithm, which as a matter of principle may compute multistage designs of any number of stages. However, with increasing number of stages, computational time is heavily increasing as well. Thus, we did not yet test our algorithm for more than 6 stages. The calculation of cost-optimal designs under a fixed sample size with 3, 4, 5, and 6 stages took about 0.5 h, 3 h, 5-10 h, and 24-48 h, respectively. The construction of power-optimal designs under a fixed sample size with 3, 4, 5, and 6 stages took about 7 min, 15 min, 60 min, and 4 h, respectively. Two-stage designs will take only a few seconds in both cases. All calculations were performed using an AMD Dual Core Opteron 270 with 2.0 GHz. If n is optimized as a free parameter, the respective computation times have to be multiplied by a factor of about 20. Finally, our algorithm does not require the specification of any starting values for the optimized parameters.
Since we have constructed optimal designs with more than 2 stages for the first time, the results cannot be validated by comparison with existing methods. However, comparing the outcome of the different stages with each other, the results are reasonable. In particular, we are very confident that our optimization algorithm yields results with high accuracy for at least up to 4 stages, which we showed to be sufficient for practical purposes. Furthermore, to overcome the lack of user friendly software, we are currently developing an R package that enables the researcher to easily compute optimal multistage designs. The package will provide full functionality of all methods being discussed in the present article. In addition, the package comes along with a user friendly graphical user interface and will be made freely available on the comprehensive R archive network.
DISCUSSION
In order to investigate the additional benefit of adding stages, we have constructed designs of up to 6 stages. Our results show that the economical benefits of 2-stage designs can be expanded by using more than 2 stages. At the same time, the benefit of switching from 3 to 4 stages is less pronounced. According to this, further cost savings decrease with increasing number of stages. From a theoretical point 308 R. PAHL AND OTHERS of view, using more than 2 stages will be always more efficient with respect to genotyping costs. In practice, however, applying multistage designs requires additional efforts and costs with every additional stage (data processing, statistical , etc.). Therefore, we considered the problem of choosing the optimal number of stages with respect to the total study costs, taking into consideration the cost of both genotyping and statistical analysis.
Our results are based on the current genotyping cost structure and show that using no more than 4 stages will be sufficient for practical purposes. The investigator will have to consider the intrinsic conditions of his or her study to determine an appropriate number of stages to be used, particularly, the available technology, the available amount of time, and the costs of the statistical interim analyses. In general, the more expensive the statistical interim analyses the less stages can be used.
We provide algorithms to construct optimal multistage designs and currently are developing an R package that enables the investigator to compute optimal multistage designs in a user friendly software environment. In practice, however, it may still be difficult for the investigator to plan and conduct a GWAS using a multistage design because of the lack of experience with this approach in the area of GWAS. As outlined earlier, the basic idea of multistage designs arises from group sequential methods as used in clinical trials. Group sequential designs are by now widely applied in clinical research environment. On the other hand, the basic methods of group sequential analysis were published years before clinical investigators started using them in clinical research practice. Furthermore, it took decades for group sequential designs to become established as a standard method for the conduction of clinical trials. In this context, besides the immediate economical benefits, we recommend using optimal multistage designs in the practice of GWAS in order to both acquire expertise and establish the underlying methods. In doing so, the general framework of multistage designs can be adapted faster to upcoming technologies in the area of GWAS and, as a result, the benefit from multistage designs might be more sustainable for future technologies.
